Poor indoor air quality is a significant burden to society that can cause health issues and decrease productivity. According to research, indoor air quality is intrinsically linked with human activity and mobility. Indeed, mobility is directly linked with transfer of small particles (e.g. PM 2.5 ) and extent of activity affects production of CO 2 . Currently, however, estimation of indoor quality is difficult, requiring deployment of highly specialized sensing devices which need to be carefully placed and maintained. In this paper, we contribute by examining the suitability of infrastructure-based motion detectors for indoor air quality estimation. Such sensors are increasingly being deployed into smart environments, e.g., to control lighting and ventilation for energy management purposes. Being able to take advantage of these sensors would thus provide a cost-effective solution for indoor quality monitoring without need for deploying additional sensors. We perform a feasibility study considering measurements collected from a smart office environment having a dense deployment of motion detectors and correlating measurements obtained from motion detectors against air quality values. We consider two main pollutants, PM 2.5 and CO 2 , and demonstrate that there indeed is a connection between extent of movement and PM 2.5 concentration. However, for CO 2 , no relationship can be established, mostly due to difficulties in separating between people passing by and those residing long-term in the environment.
I. INTRODUCTION
Estimates suggest that each year four million premature deaths result from illnesses attributable to indoor air pollution [1] . This is further exacerbated by the fact that humans tend to spend more time indoors than outdoors [2] . Among different indoor pollutants, especially particulate matter PM 2.5 and CO 2 emissions are linked with health concerns [3] , [4] . Besides ventilation, indoor air quality is intrinsically linked with human movements and activities as they distribute particulate matter from floor and other surfaces and result in faster CO 2 production. Air pollution concentration differs across indoor environments depending on number of people using the space and extent of human activity. For example in a very high mobility environments, e.g., at an airport concentration of air pollution is usually high [5] . The health effects of the pollutants is influenced by the exposure the person stays in the (a) Motion Detector.
(b) Low-cost Sensor. building, in many cases people stay up 8 hours in the work spaces, oblivious to the changing air quality.
In this paper, we contribute by investigating the feasibility of infrastructure-based indoor motion sensors as proxy for assessing variations in indoor air quality. We build on opportunistic availability of motion detectors, which are increasingly used in smart buildings and offices, e.g., for energy management by helping to turn off lights or air conditioning during periods of sustained inactivity. Taking advantage of sensors deployed as part of existing infrastructure would thus provide a cost-effective solution that overcomes the need for deploying specialized sensing devices. As our main contribution, we present a feasibility study conducted in a smart office environment that seeks to establish a relationship between motion detector measurements and CO 2 and PM 2.5 concentration.
The results of our experiment highlight the relationship between number of movement and PM 2.5 concentrations. For PM 2.5 , a strong relationship can be established. However, for CO 2 , no clear relationship can be established. Indeed, our results suggest that the formation of PM 2.5 and CO 2 concentration through movement is complex, due to chemical and physical processes and the impact of other unmeasured variables, e.g., VOCs, the quality of sensors, and characteristics of human activity within the space.
II. RELATED WORK
In the literature, there are studies that evaluate the feasibility of using low-cost sensors for air pollution detection [6] and other studies that investigate the sources of air pollutants and the affect of human movement on generating or varying the airbone particles in the indoor environments. Coleman et al. [7] use inexpensive sensors to identify the source of pollutants in indoor air environment by measuring CO 2 . They highlight that the amount of pollutants correlates with both the occupancy near the sensors and the functioning of the ventilation systems. Arif et al. [8] use low-cost air quality sensors to measure CO 2 concentration in a typical office room as well as a cinema theatre, highlighting relation of the level of CO 2 with indoor human occupancy.
Qian et al. [9] investigates the resuspension of airborne particles indoors. Kubota et al. [10] study particle resuspension and redistribution caused by human foot motion, considering aerodynamic effects. This work illustrates the particle resuspension in real situations by particle flow visualizations with human foot tapping by a controlled experiment and highlights that the flooring, e.g. carpet, and the sole geometry of the shoe have important roles in causing transfer of pollutants. Alshitawi et al. [11] investigate resuspension concentration of contaminants due to human movement through a controlled experiment. The study evaluates the impact of three indoor walking speeds as slow, medium, and fast on the concentration of airborne particles at 5 different time intervals. The results demonstrate that walking speed has a significant impact on the concentration of the PM pollutants, i.e., the higher the speed, the higher the PM concentration.
Zhang et al. [12] investigate particle detachment, resuspension and transport due to indoor human walking numerically and experimentally. Their results illustrate that shoe bottom roughness, foot size, walking velocity, background velocity, foot stepping velocities, all affect particle resuspension rate from the floor and the corresponding particle concentrations in the indoor environment. Benabed et al. [13] study particle resuspension in the indoor environment due to human activity. Thus, the research uses an environmentally controlled experi-mental chamber to measure the particle matter (PM) using an optical particle counters (Grimm 1.108) and considering only the downward motion of the foot during the gait cycle. The research evaluate the walking-induced particles resuspension as a function of particle size and flooring type and concludes that the surface roughness improves particles resuspension.
To summarize, previous research has studied extensively mechanisms governing the process of indoor pollutant generation and transfer. Our research builds on this body of knowledge, looking at how to enable low-cost infrastructure-based air quality sensing using existing motion sensor deployments.
III. TEST ENVIRONMENT
To perform the study, we chose UbiKampus which is an open working space at the University of Helsinki. Everyday, there are dozens of researchers who come to work in the space of 400m 2 and in addition there are many visitors who enter the space to use the meeting rooms or the coffee room. The working space is equipped with 10 motion detectors m which are installed on the ceiling of the space with equal distances. Inside the space, there are fixed amount of working desks as well as shelves located at the middle of the space with equal distances. The shelves which are located right under and between the m allow putting any light weight devices on them, where we used this possibility to place four low-cost air quality sensors on them with equal distances, under m while between them. Fig. 1 shows the type of motion detector and the low-cost air quality sensor, we used in the experiment. The design of the space, location of the m and the lowcost air quality sensors are also illustrated in Fig. 2 . In the experiment, we collected motion data using the m as described in Section III-A1, and indoor air pollutants (i.e.,CO 2 and PM 2.5 ) using low-cost sensors as explained in Section III-A2, continuously from the 14 th February to the 18 th March, 2019.
A. Sensors 1) Motion Detectors:
We used eight Helvar Digidim 321 motion detectors (as depicted in Fig. 1(a) ) that are installed in light bars hanging from the ceiling at an height of 5.75m according to Fig. 2 . The detectors are part of a Mount Kelvin 1 building automation system and we read and collect the motion events from an attached MQTT event stream. The building automation system suppresses future events from a sensor for 30 seconds after each transmitted event, which means that our measurements are also limited to one motion event per sensor every 30 seconds.
2) Air Quality Sensors: We used four low-cost air quality sensors built at the University of Helsinki. The picture of the low-cost sensor is shown in Fig. 1(b) . The sensor is built on top of Raspberry Pi 3 model B. Most of gas sensing in the low-cost setup is handled with Metal Oxide semiconductor (MOX) sensors. MOX sensors can detect gas concentrations of pollutants such as CO, CO 2 , NO 2 , NO x and O 3 . The sensors consists of an heating element and a semiconducting metal oxide sensing element. The heater warms the surface of the sensing element up to 300°Celsius, which is then able to detect gases through a chemical reaction occurring on its surface. This reaction causes a change in the electrical conductivity of the sensing element, which can be monitored using an external circuit to measure the detected gas level [14] .
MOX sensors are very low-cost and compact. They have long lifespan and are highly sensitive. They have also a short response time, which implies that the frequency at which the data is read from the sensors can be increased. PM was measured with a Shinyei Light scattering LSP sensor, which are small and low-cost and are used to detect Particulate Matter (PM). They are composed of an air inlet, a light sensor, and a light source, usually infrared or laser. When the air enters the sensor through the inlet, the light source is focused on a sensing point in which it hits the particles found in the air. An infrared LED is positioned in a forward angle with respect to a photodiode. Particles passing through the light beam scatter light, which generates a measurable signal in the sensor circuitry. The scattered light is focused on to the photodiode by a lens. The sensors may have light scattering focusing lens and a focusing lens also for the infrared light source. The sensor then produces a signal that allows estimating the number of particles in the air.
B. Sensor Mapping
To analyze the relation between the number of movements detected by (m) and PM 2.5 and CO 2 variations, we performed mapping (M) between the two adjacent motion detectors (m) and low-cost air quality sensors (S), as shown in To map the sensors, we use the mappings (M) between the sensors and motion detectors, presented in Table I .
TABLE I DIFFERENT MAPPINGS BETWEEN SENSORS AND MOTION DETECTORS.
Sensors
In the next section, we take the summation of number of movements detected by two adjacent m near to the sensor (S). Then, we study the relation between the number of movements and the pollutants CO 2 and PM 2.5 in the working space for the specified hours.
IV. DATA ANALYSIS
In the test environment, the low-cost sensors have been in operation since mid February 2019 whereas the motion detectors have just been activated since 8 March 2019. The data sampling also varies between three different sensors. For example, the sensors CO 2 samples the data for about every 15 seconds until one minute whereas the sensors PM 2.5 samples the data about every 30 seconds until two minutes. The motion detectors sense every movement in the room, thus, the data sampling is taken per every movement.
In order to consider the ventilation operation, we used experimental data from 8 until 18 March 2019, excluding weekends, which are 6 days. In addition, to find the common sampling frequency, the data is also resampled per every one hour by calculating the mean for PM 2.5 and median for CO 2 . We took this approach, because the collected data contains some outliers, i.e. sometimes the concentration become suddenly too large. It is known that median is a measure of central tendency but offers the advantage of being very insensitive to the presence of outliers [15] . Fig. 3 presents six days average concentration of PM 2 · 5 (top-plot) and CO 2 (middle-plot) as well as the number of movements (bottom-plot). The figure demonstrates that the number of movement has mostly taken place between 06:00 and 22:00. This is almost in agreement with PM 2 · 5 concentration for all sensors. The CO 2 concentration also shows a slight increasing trend in the morning and dropping significantly around 16 : 00 and 18 : 00 in the afternoon. The reason stem from the operation time of the ventilation system as well as the decreasing number of researchers at the space starting from 16 : 00. However, although there is almost no motion after about 21:00, the concentration rises again until after mid-night. This anomaly trend takes place because the ventilation system operates from 06 : 00 until 19 : 00, resulting in trapped CO 2 concentration in the room.
A. Dataset

B. Correlations With Different Sensor Combinations
To study the effect of movement at different places of the open space, we considered different mappings (M) between the sensors (S) and the motion detectors, as shown in Table  I . Then, as explained we calculated the mean for PM 2.5 and median for CO 2 . Whereas, the Pearson correlation coefficients obtained between the number of movements, PM 2.5 and CO 2 are presented in Table II . Pearson correlation coefficient explains the degree of linear correlation between two variables [16] The higher Pearson correlation coefficient indicates that better mapping between low cost sensors and the motion detectors. It can be seen from the Table II that the best mapping from PM 2.5 is M 2 because the locations of the motion detectors of 2, 4, 6 and 8 are closer the corresponding low-cost sensors. This area is also a walking path for people who are working on the office (see Fig. 2 ). Correlations of CO 2 are higher overall for S 2 , as that is roughly in the centre of the space where most people work. Also S 4 , when taken to correspond to m 7 , or both m 7 and m 8 , gives reasonable correlations. S 2 and S 4 also see lower movement counts than S 1 and S 3 as we will see later in this paper. S 1 is close to the entrance, and thus sees a higher amount of motion. Difference in motion may be one reason why S 3 that is more central to the space still sees less CO 2 than S 2 and S 4 . 
V. SENSING AIR QUALITY WITH MOTION DETECTORS
In order to demonstrate how the number of movements inside the working space affects the levels of pollutants, from the Table I , we select the mappings M 1 and M 2 to scatter plot the variations of CO 2 and PM 2.5 , respectively. Fig. 4 presents the scatter plots between the number of movement and the PM 2.5 concentration. The symbol r is Pearson correlation coefficient. It can be seen that the sensors 3 and 4 of PM 2.5 demonstrate reasonable linear correlation between number of movement and PM 2.5 concentration, with r = 0.44 and r = 0.5, respectively. This indicates that when the number of movement increases, the PM 2.5 concentration also tends to rise. However, the sensors 1 and 2 do not exhibit good correlation visually between these two variables, although the coefficient of sensor 2 is about 0.27. Fig. 5 displays the scatter plots between the number of movement and the CO 2 concentration. The sensor 1 and 3 do not exhibit good correlation between the number of movements and CO 2 , but the sensors 2 and 4 show linear correlation trend through the coefficient at r = 0.51 and r = 0.35, respectively. In our experiment, the scatter plots in Fig. 4 and Fig.  5 , the correlation coefficients presented in Table II do not provide reasonable correlations between (PM 2.5 and CO 2 ) and the number of motions due to several reasons. First, the low cost sensors used in our experiment do not typically provide extremely accurate results affecting the data recordings. These sensors sometimes may be very sensitive in sensing very low concentration fine particles and/or traced gases. In addition, in our study we performed an uncontrolled experiment. This means that, during the experiment, we did not control the number of people, the location of ventilation, opening and closing the entrance and exit doors as well as the door of the coffee room which all are used several times every day. Moreover, the duration of experimentation would also be another reason that has influenced the results. This means that the data was not collected for a long period of days. Consequently, the uncontrolled experiment has produced noise in the recorded data.
Furthermore, another source of noise would have been because of other unmeasured variables that might influence the concentrations of PM 2.5 and CO 2 in the working space [17] . For example, the amount of sunlight (e.g. solar radiation) and other traced gases as well as the volatile organic compounds (VOCs) might influence the formation of PM 2.5 and CO 2 . Whereby, this can be considered as a complex chemical and physical process. Therefore, the relationship between these measured and unmeasured variables may also be non-linear.
Indeed, the scatter plot and Pearson correlation coefficient are used for investigating linear correlation between two variables, that is typically very effective for non-complex processes. Non-linear correlation analysis should be performed further to investigate how the measured and unmeasured are interacting [18] .
VI. CONCLUSION
In this paper, we contributed by investigating the feasibility of infrastructure-based indoor motion sensors as a proxy for assessing variations in indoor air quality. We presented results from a feasibility study conducted in a smart office environment that sought to establish a relationship between motion detector measurements and CO 2 and PM 2.5 concentration. Our results highlighted the relationship between number of movement and PM 2.5 concentrations. For PM 2.5 , a strong relationship can be established. However, for CO 2 , no clear relationship can be established. Indeed, our results suggest that the formation of PM 2.5 and CO 2 concentration through movement is complex, due to chemical and physical processes and the impact of other unmeasured variables, e.g., VOCs, the quality of sensors, and characteristics of human activity within the space. We will explore this complex relationship with a larger population of space users in future work.
